The current 13 th Five-Year Plan endorses the use of natural gas to achieve a cleaner energy mix. The objective of this research is to examine household natural gas demand and provide insights to natural gas exporters. Research on natural gas demand and cycles in China is valuable, because small changes in China's demand (and hence import requirements) can have significant impacts on the global market. Five-Year cycles can trigger longer cyclical swings. In 1996, the 8 th National People's Congress passed a long-term plan to bolster heavy industry, resulting in an increase in urbanization and infrastructure development, and contributing to increased natural gas consumption. I apply an unobserved components model (UCM) to deal with data limitations and non-stationary relationship between variables, account for technological progress and periodically-changing administered prices, and allow for stochastic cycles to capture the effects of Five-Year Plans and economic cycle fluctuations. The estimated economic cycle captures the surge in economic growth in the early 2000s and the slowdown in economic growth and aggregate consumption due to decreased investment since 2013. Price changes, income growth, and increased infrastructure development (as manifested in the cyclical effect) contributed to the rise in demand. Natural gas is a normal good that is price-sensitive and approximately unit income-elastic. It is the preferred choice when accessible, and demand is still evolving and less likely to increase solely due to increased affordability. These results are robust to different variations that include allowing the stochastic level to capture the cycles and using a longer simulated price variable. Hence, in addition to income growth and natural gas price reform, environmental regulations to suppress coal consumption and government policies to foster natural gas accessibility by expanding infrastructure investment and development are vital to achieving a cleaner energy mix.
INTRODUCTION
Currently, China's 13 th Five-Year Plan promotes the use of natural gas, and China's government provides consistent regulatory support to increase its consumption. The goal is to fulfill the dual objectives of its Energy Development Action Plan: (a) to increase the share of natural gas in energy demand to at least 10% by 2020, and (b) to reduce coal consumption, thereby decreasing pollution levels and achieving a cleaner energy mix. China was the sixthlargest producer and the third-largest consumer of natural gas in the world in 2014, and is a vital player in global energy markets as both an importer and an investor (Ratner et al. 2016 ).
Accordingly, implications of China's Energy Development Strategy Action Plan for [2014] [2015] [2016] [2017] [2018] [2019] [2020] are unlikely to be limited to the domestic economy and potentially will have global spillover effects (Paltsev and Zhang 2015; Ratner et al. 2016 ).
If consumption actually grows at the rates required to achieve the announced targets in the 13 th Five-Year Plan, 1 natural gas imports and production will increase, along with investments in infrastructure (i.e., shipping terminals, pipelines and power plants). These changes certainly will affect both domestic investment and prospects for exporting hydrocarbons to China (Ratner et al. 2016) . Foreign investment in the country's energy sector and China's investments abroad also will be affected (Tan 2013 ).
In the previous Energy Plan, the target was for natural gas consumption to reach 7.5% of energy consumption in 2015. However, this target was not achieved (Ratner et al. 2016) . To achieve the target in the current plan, China's government has been encouraging the use of natural gas over substitutes such as coal (Li 2015) . Authorities also are seeking to avoid a recurrence of the gas shortage that took place in 2015, which required the government to impose caps on residential users' consumption (Li 2015) .
The objective of this research is to examine China's demand for natural gas and estimate price and income elasticities for the residential sector.
2 Understanding the trends, variations, and determinants of the demand for natural gas in China is vital to predict the success of the 2020 plan and comprehend its likely economic impacts for China and the rest of the world, as well as the potential to export resources to the Chinese market.
Chinese macroeconomic data are characterized by the coexistence of trend drifts and cyclical swings (Chang et al. 2015) . Chang et al. (2015) explained that major economic reforms in China could potentially cause switching points in volatility and/or trend movements.
According to Kwan (2010, 3) , business cycles in China tend to be in tandem with the Communist Party Congress: "the Chinese economy has followed a five-year cycle in which the growth rate peaks in the year the Party Congress is held." Five-Year Plans can trigger longer cyclical swings.
For example, in 1996 the 8 th National People's Congress passed a long-term plan to bolster heavy industry (Chang et al. 2015) . The resulting increase in urbanization and infrastructure development contributed to an increase in natural gas consumption. Yamasawa (2008) differentiated between a classical cycle and a growth cycle. The former is characterized by fluctuations around a steady state regardless of economic growth, and the latter is characterized by fluctuations around a growth trend, where the furthest point on the high (low) side signifies the peak (trough). Hence, it is important to account for short-and medium-term cycles in the model to capture the effects of Five-Year Plans and economic cycle fluctuations. Chang et al. (2015) noted a lack of empirical research on trends and cycles in China's economy. Existing theoretical and empirical studies on China's energy consumption are predominantly limited to primary energy consumption and electricity consumption. According to Wang and Lin (2014) , research on natural gas consumption in China is scarce and typically qualitative. Wang and Lin (2014) have applied time series analysis and Yihua et al. (2014) have used unbalanced panel data to study national natural gas demand in the residential sector. This paper contributes to the literatures on natural gas demand and trend-cycle decomposition in China.
Applying an error correction model (ECM) and co-integration tests, Wang and Lin (2014) focused on income, own-and cross-prices, urbanization and climate change. They emphasized the importance of accounting for technological progress and recognized the unavailability of data needed to estimate this component. They used annual data for urban China during the period 1985-2010 from the China Economic Information Center (CEIC) and acknowledged that data series are discontinuous. In Wang and Lin's (2014) residential model, the adjustment term is positive and insignificant, indicating a non-stationary explosive relationship where short-term fluctuations do not converge to a long-term equilibrium and a long-term relationship is absent. Similarly, the results from my initial analyses-which included applying an ECM and a fully modified ordinary least squares (FMOLS) model-show that the model is explosive. 3 Therefore, I apply a UCM model to deal with non-stationarity and data limitations.
The UCM technique decomposes a series into latent components (e.g., stochastic trend and cycle). It overcomes non-stationarity, small sample and data irregularity issues, and handles structural changes (Brintha et al. 2015) . The components of a UCM model reveal the mechanism underlying the movements within a series and provide a set of diagnostic tools for model assessment. Broadstock and Hunt (2010) , Bernard et al. (2006) and Hunt et al. (2000 Hunt et al. ( , 2003a Hunt et al. ( , 2003b explained that estimating the underlying energy demand trend by allowing a stochastic trend captures the effect of exogenous factors such as socioeconomic factors, technological advancements and technical progress. According to Guangrong and Yanjun (2011, 1178) , state space modeling is useful for modeling changes in "government policy and economic institutions." Dong et al. (2010) applied a shifting trend model to study China's economy and regulated energy prices. Given the nature of the available data for the residential sector's demand for natural gas and the pricing regime in China, the UCM methodology is useful.
Akin to Wang and Lin (2014) , I focus on urban China in examining residential consumption of natural gas. The residential sector's natural gas demand has been rising rapidly since the mid-1980s (Higashi 2009; Yang et al. 2014 ). Residential energy consumption in China ranks second behind the industrial sector, with most consumption occurring in urban residential areas due to the construction of urban pipeline networks (Wang and Lin 2014; Zhao et al. 2011;  see Annex 1).
In the UCM model, I allow for a stochastic trend to capture the effect of government policies, economic institutions, socioeconomic factors and technical progress. I also incorporate short-and mid-term stochastic cycles to account for the impacts of Five-Year Plans and business cycles. Residential demand for natural gas has been driven mainly by income growth, urbanization and low prices (Wang and Lin 2014) . Due to limited availability of continuous time series data, I use data for the period 2001-2014 from CEIC. 4 I employ variables to capture the impact of changes in real price and real per-capita income on per-capita residential consumption of natural gas.
This study has three main findings. First, natural gas is a normal yet substitutable good for urban households. Second, the estimated mid-term cycle suggests that China reached an economic cycle peak in approximately 2012, which is consistent with the economic and investment slowdown in successive years (Chang et al. 2015) . This aligns with concerns discussed during the 18 th National People's Congress in 2012 related to low consumption and income growth and a low labor share of income (Chang et al. 2015) that would contribute to a decrease in natural gas demand. Third, infrastructure investment to increase natural gas accessibility is essential for demand to rise.
The rest of this paper is organized as follows. In section 2, I review the literature before describing the methodology and data in sections 3 and 4. In sections 5 and 6, I present the results and robustness checks, respectively, before concluding in section 7.
LITERATURE REVIEW
Residential Natural Gas Demand Modeling -Methodologies Applied Table 1 offers a synopsis of research on residential natural gas demand in economies other than China for time periods relevant to the sample studied here. Table 1 shows that in most of these studies, researchers applied time series analyses to examine natural gas demand. Ackah (2014) estimated income and price elasticities in Ghana, applying UCM to capture the impact of exogenous non-economic factors. Bernard et al. (2006) applied a UCM to estimate total energy demand for the residential, commercial and industrial sectors in Québec. Other researchers have used the same approach to examine electricity, oil and aggregate energy demand at a sectorial level in France, Sri Lanka, Turkey, Japan, Gulf Cooperation Council countries (GCC), the United States and the UK (Agnolucci 2010; Amarawickrama and Hunt 2008; Atalla and Hunt 2016; Broadstock and Hunt 2010; Dilaver and Hunt 2010; Dimitropoulos et al. 2005; Dordonnat et al. 2008; Harvey and Koopman 1993; Hunt et al. 2000 Hunt et al. , 2003a Hunt et al. , 2003b Hunt and Ninomiya 2003) . Collins (2010, 2016) employed the UCM approach and utilized the derived stochastic trend to infer values for relevant variables without available data. These researchers studied energy demand and generally accounted for seasonality and periodicity, but not for cyclical effects.
Unobserved Components Approach to Energy Modeling and Cyclical Analysis
Harvey and Jaeger (1993) applied structural time series analysis to model the U.S. gross domestic product (GDP) and emphasized the importance of devising an appropriate model to distinguish trend and cycle components. Koopman et al. (2006) applied a univariate periodic UCM which accounts for stochastic trends and cycles associated with post-war U.S.
employment. Perron and Wada (2009) Chang et al. (2015) studied the Chinese economy and applied a regime-switching vector autoregressive (VAR) model to study unusual cyclical patterns and the post-1990s economic transition in China to comprehend the impact of the preferential credit policy for heavy industry on China's economy. Collectively, this research accounts for trend-cycle decomposition with reference to macroeconomic analyses, not energy demand models.
Residential Natural Gas Demand Modeling in China
According to Wang and Lin (2014) , research on natural gas consumption in China is scarce and typically qualitative. Wang and Lin (2014, 544) reported the following from three research papers published in Chinese:
"Qu (2011) discussed the main characteristics and development of China's natural gas consumption in the '12th Five-Year Plan'. Li (1997) analyzed the influential factors of China's gas-fired power, and explored the feasibility of gas-fired power generation from environmental and economic points of view. Zhou and Li (2008) analyzed the explanatory factors of natural gas consumption, pointing out that economic development, the developmental stage of the natural gas market and natural gas prices are the main factors affecting natural gas consumption."
Acknowledging the lack of continuous data series, Wang and Lin (2014) applied time series analysis to study natural gas demand in China at the sectorial level. Their ECM on the residential sector is non-stationary, which reveals that this technique is not the most appropriate for the data at hand. Wang and Lin's (2014) long run analysis shows that urban demand for natural gas is price elastic (-2.88 ) and approximately unit income elastic (0.99), suggesting natural gas is subject to close substitutes. Yu et al. (2014) that "relatively cheap prices fail to provide motivation for saving and efficient usage of natural gas" (Yu et al. 2014, 62 MARKAL model for China. In analyses and sensitivity checks, they assumed (rather than estimated) price elasticities of demand to be -0.5 and between -0.1 and -0.5, respectively.
Summary
Research that applies UCM to energy demand has not accounted for cyclical effects.
Research that looks at cycle-trend decomposition is primarily limited to macroeconomic studies.
Existing studies on China's energy consumption focus predominantly on primary energy, aggregate energy and electricity consumption. 5 There is scarce research on both natural gas demand and cycle-trend decomposition in China, and to my knowledge, no research jointly tackles both aspects. In this paper, UCM is applied to study the residential sector's natural gas demand in urban China, accounting for cyclical effects.
METHODOLOGY
The objective of this paper is to estimate the price and income elasticities of demand for natural gas in China's urban residential sector. Given the nature of the available data for the residential sector's demand for natural gas and the pricing regime in China, the UCM methodology is useful for modeling periodically-changing administered prices. Employing a UCM model enables non-stationarity and data limitation issues to be addressed. Allowing for a stochastic trend captures the effects of changes in government policies, economic institutions, socioeconomic factors and technical progress. Moreover, incorporating stochastic cycles accounts for effects of the Five-Year Plans and business cycles. It is important to incorporate cycles when examining trends to capture possible turning points (Pedregal 2017) . According to Chang et al. (2015) trend drifts and cyclical swings characterize Chinese data. Trend-cycle decomposition is tricky when using a short time series because trend distinctions from low-frequency fluctuations could become blurred since they may be a part of a cycle in a longer time series (Meko 2017) . I used STAMP software to carry out the analysis. In this sub-section, I discuss the model applied to examine natural gas demand. A more detailed discussion of the UCM is provided in Annex 2.
The UCM decomposes the natural gas demand variable into stochastic trend, regression effect, and cycles. These components capture features of series that reveal their behavior and movements. Conditional on the maximum likelihood estimates of the hyper-parameters and frequencies, one can estimate the decomposition of unobserved components (Koopman et al. 2006 ). UCM models follow the state-space modeling framework, where unknown parameters are 5 Lin (2003) , Yuan et al. (2007) , He et al. (2009 ), Lin et al. (2011 , Shi et al. (2012) , and Xia and Hu (2012) studied electricity consumption in China. Lin (2007) studied coal consumption. Lin (2001) , Wu et al. (2005) and Qu and Yuan (2008) and Guangrong and Yanjun (2011) is a set of regressors, which are the price of natural gas and income variables;
is a vector of fixed parameters;
 is the cycle(s) component;
is the irregular with a 0 mean and constant variance, ~(0, 2 ), also referred to as model disturbance or idiosyncratic shock.
The stochastic trend is specified as follows:
Equations 2 and 3 are state equations where is the stochastic level;
is a level disturbance with a 0 mean and constant variance; is the stochastic slope; and is the slope disturbance with a 0 mean and constant variance.
, , and are mutually uncorrelated, and 2 and 2 are referred to as hyper-parameters where larger hyper-parameters reflect greater stochastic movements in the trend. The ratio of each variance to the largest of them is called the signal-to-noise ratio (or q-ratio). A low q-ratio (close to 0) implies insignificance of the underlying variance.
The inclusion of a stochastic or deterministic slope and the choice of the specification of the stochastic trend depends on the feature of the variable examined. I performed unit root tests of the demand, price and income variables used in the analyses to determine the appropriate specification. Figures 1-3 In addition, I included the stochastic cycles  1 and  2 to model the Five-Year Plan and economic cyclical effects. The latter is of order 2 to allow for a smoother economic cycle while permitting it to be stochastic. According to Pelagatti (2015) , in UCM models the stochastic cycle is the first component ( ) of the bivariate VAR(1) process represented in Equation 4.
A cycle is described by three parameters: According to Koopman et al. (2009, 190) ,  2 → 0 as → 1. This latter case allows for the estimation of deterministic (but stationary) cycles, which is the extreme case of → 1. Values of = 1 and ( ) = 0 yield a deterministic cycle with frequency . Values of = 1 and ( ) = 2 > 0 result in a non-stationary cycle. To allow the stochastic cycle to encompass the deterministic cycle but not the non-stationary cycle, the model is parametrized in STAMP software such that the variance of  is used instead of that of  , and 2 is calculated as  2 (1 − 2 ). Hence, if the estimated value of is 1, 2 = 0 and the cycle is deterministic (Pelagatti 2015, 64) .
A cyclical component could be incorporated to account for serial autocorrelation in the idiosyncratic shock. A simple random walk model could be expanded to include "a stationary cyclical component that produces serially correlated shocks around the random walk trend" (Baum 2013 43; Harvey 2002; Harvey et al. 2004; Koopman et al. 2009; Pelagatti 2015) .
Therefore, similar to Baum (2013) , I dropped the idiosyncratic shock and included stochastic cycles. Hence, I estimated a model that includes a random walk trend, two stochastic cycles (one first-order and one second-order), and price and income variables, as illustrated by Equations 5 and 6.
where , , is natural gas demand, is the stochastic level,  1 is the short-term cycle to capture effects of the Five-Year Plans,  2 is the medium-term cycle to capture the economic cycle effect, +  1 +  2 is the stochastic cyclical trend, and + is the regression effect.
DATA

Time Sample
The time The time sample ends in 2014 due to data availability issues.
Variables
Residential demand for natural gas has been driven mainly by income growth, urbanization and low prices (Wang and Lin 2014) . My analysis focuses on estimating the responsiveness of urban residential demand for natural gas to changes in price and income (see Annex 1). Using data from CEIC, I: (a) calculated the ratio of "Natural Gas Consumption:
Residential" to the urban population as a measure of per-capita residential consumption of Source: CEIC 9 Data that would enable urban and rural demand for natural gas to be separated are unavailable. However, as discussed in Annex 1, residential demand for natural gas is primarily in urban China.
Annex 3 illustrates the unit-root test results for the three variables. For per-capita natural gas consumption, the Dickey-Fuller (DF) test shows that the variable is I(1) in the case of a random walk with a drift (at 10% significance level), the DF-generalized least squares (GLS) test
shows it is I(1), and the Phillips-Perron unit root test shows it is I(1) in the case of a constant but no trend (10% significance level). The Kwiatkowski, Phillips, Schmidt, and Shin (KPSS) test indicates the variable is I(0) when accounting for trend stationarity (10% significance level) and level stationarity (1% significance level). Furthermore, when regressing this variable on a quadratic trend, the coefficients for the trend and the squared value of the trend are significant. can be inferred that the variables are I(1).
Empirical Issues
It is difficult to find variables with consistent frequencies and updated series; moreover, there is a general lack of information (e.g., variable definitions and methodologies used to estimate and manipulate data) that would enable figures from different sources to be compared. Chang et al. (2015) documented the same issues.
One of the objectives of this research is to estimate the price elasticity of demand.
Annual data on demand for natural gas and possible substitutes are available from the 1980s, monthly data on prices of natural gas and substitutes are available at the earliest from 2001, and semi-annual data on sales prices are available from either 1998 or 2000. Unfortunately, historical data on prices before 2001, and/or quarterly or monthly data on demand for natural gas and substitutes starting at least in 2001 are not available.
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CEIC has monthly data for the price of natural gas for the residential sector beginning in 2001. CEIC also has data for the price of liquefied petroleum gas (LPG) (which is a substitute for natural gas), but only from 2006. The price data from the Oxford database pertain to the producer would be preferred to annual data. However, consumption and population 13 data are only available on annual basis. Given these data availability issues, I used annual data for the period 2001-2014 to estimate income and own-price elasticities.
EMPRICIAL ESTIMATION AND DISCUSSION
To study the responsiveness of demand for natural gas to price and income, I estimated the model represented in Equations 5 and 6 using the logarithmic level of per capita urban residential demand for natural gas ( , ), the real price of natural gas ( ), and real urban disposable income ( ). The model converges to a steady state and the signs of the 12 A stochastic trend could have been incorporated into the model to deal with non-stationarity and account for exogenous factors such as periodically changing prices, tastes and technical progress. 13 Population data are needed to calculate per capita variables if they are not readily available from a data source.
coefficients are consistent with economic theory when the irregular term is dropped.
14 The results are represented in Table 2 and Figure 4 . Table 2 ) are normally distributed as well.
The coefficient of determination based on differences Rd 2 shows that the regression effect ( + ) explains 83% of the movement in demand. 15 The q-ratios imply the variation in the underlying energy demand trend (UEDT) is driven by the stochastic level, economic cycles, and Five Year Plans; respectively.
The smaller a cycle's amplitude, the less volatile it is (OECD 2017) . The amplitude measures the distance from the mid-point of a peak to the mid-point of a trough (Doepke 1999 ).
STAMP provides a value referred to as the amplitude of a cycle, which is a ratio comparing the amplitude of cycle 1 to the level of the trend and indicates the relative importance of the cycle (Koopman et al. 2009 ).This ratio is equal to 0.31276.
The duration of cycle 1 is approximately 3.25 years, and the frequency is approximately 1.9. Since frequency tends to , the model tends to be centered around high-frequency components. Moreover, the damping factor tends to unity, which implies tight clustering around the frequency and the existence of a deterministic stationary cycle. 
Price and Income Responsiveness
The results show that the value of income elasticity of demand for natural gas is positive and the value of price elasticity is negative. This reflects that natural gas is a normal good for households in urban China. The estimated value of income elasticity is approximately 0.9 and is not statistically different from unity. Such a high income elasticity suggests that during the time sample, natural gas for urban consumers tended to be a comfort good (i.e., provides a good quality standard of living), and was neither a necessity nor a luxury good. The value of the estimated price elasticity is approximately -0.52 (i.e., a 1% increase in the price causes 0.52% decrease in consumption), suggesting that natural gas is not highly price inelastic. In other words, income and price elasticities of demand show natural gas does not represent an essential good for consumers in urban China. 
Five
Economic Cycle Indicator: Cycle 2
After a minimum, the curve of cycle 2 initially increases at an increasing rate, then increases at a decreasing rate, and peaks in 2012 (see Figure 5 ). In the late 1990s, the Chinese government fundamentally changed institutional arrangements to strengthen heavy industry (Chang et al. 2015) . According to Yamasawa (2008) , April 1999 marks a trough in China's economic cycle; at that time the government switched to an expansionary fiscal policy. In
November 1999, "a compromise was reached in China's bilateral trade negotiations with the United States, enabling China to join the World Trade Organization" (Yamasawa 2008, 16) . This is consistent with the curvature of cycle 2 at the beginning of the study period. The 18 th National Party's Congress, "when discussing various policy goals in 2012, explicitly expressed concerns about low consumption growth and low labour share of income in China…Thus, China's macroeconomy faces twin problems: (a) low consumption and income growth; and (b) overcapacity of heavy industries with rising debt risks" (Chang et al. 2015, 39) . This explains the movement in cycle 2 from 2012 to the end of the study period. The movement of the curvature at the beginning and end of the study period captures the economic cycle in China during the study period. The economic slowdown in China since 2013 is attributed to the slowdown in investment, which has been the engine of growth since 1997 (Chang et al. 2015 ). Figure 5 ). The figure shows that the index, and the associated moving average, tend to follow the same movement and direction as cycle 2 depicted in Figure 5 . Hence, the trend-cycle decomposition of the natural gas consumption variable 18 yields an economic cycle signal. is less than 1, | 2 | < 1, and 2 − 1 < 1. The values and significance of the price and income coefficients as well as the duration of the short-term cycle are also consistent with the results in Table 2 . 18 As an indicator of economic cycles, consumption is pro-cyclical and coincident (Abel, Bernanke, and Kneebone 2011). 19 Results obtained when the dynamically simulated price variable is used are available upon request from the author. 20 Results for this case are available upon request from the author.
CONCLUSION
I applied a UCM to estimate price and income elasticities of residential demand for natural gas in urban China. The model accounts for cyclical effects, separating the effects of Five-Year Plans (which reflect movements around a steady state irrespective of economic growth) and economic cycles (which capture fluctuations around a growth trend).
My research shows that, during the time sample, the value of price elasticity is approximately -0.52 and the estimated value of income elasticity is not statistically different from unity, which suggests that natural gas for urban consumers tends to be a comfort good that provides a good quality standard of living, and is neither a necessity nor a luxury good, reflecting the substitutability of natural gas. Demand for natural gas for heating purposes (cooking, and water and space heating) dictates the effects of income and price on consumption. Coal is cheaper, so residents may choose coal over natural gas. In urban areas, if infrastructure is available, households opt to use natural gas; otherwise, they have no choice but to use coal (Zhongyuan 2017) . As more infrastructure is built, households shift to using natural gas. For those who already have access to natural gas, as their income increases, natural gas consumption for cooking and water heating increases and/or they move to larger dwellings and consumption for space heating increases accordingly (Zhongyuan 2017) . This shows the need for more government programs and policies to incentivize usage of natural gas (Chen 2017b ).
I also found that the positive cyclical effect starting in the early 2000s, possibly triggered by the 8 th National People's Congress's long-term plan that resulted in an increase in urbanization and infrastructure development, has contributed to the increase in natural gas consumption. The estimated mid-term cycle captures the 1999 trough in China's economic cycle (Yamasawa 2008 ) and peaks in 2012, which is line with the economic slowdown in China starting in 2013 (Chang et al. 2015) . Vanderklippe (2015) and Wainberg et al. (2017) reported a decrease in China's natural gas consumption accompanied by economic slowdowns in 2014 and 2015. This is in line with concerns discussed during the 18 th National Party Congress in 2012 with regard to low consumption, investment and income growth and low labor share of income (Chang et al. 2015) . This shows that the model reasonably mimics China's economy and residential demand for natural gas in urban areas. Hence, this derived cycle can be considered a business cycle indicator. This finding shows that knowledge about Five-Year Plans and economic cycles is integral to comprehending China's economy and potential for the natural gas export market.
In short, a message to natural gas exporters is that the market for natural gas in China is still under development. Household demand is increasing and still maturing. Natural gas is substitutable, yet preferred when it is accessible to households. Government policies and measures to increase availability and affordability of natural gas and dis-incentivize coal consumption are collectively important to attain China's cleaner fuel mix target. This research yields three recommendations. First, expansion of infrastructure development will augment income growth effects and support natural gas price reform efforts to increase natural gas demand; that is, both affordability and accessibility of natural gas are important. Second, the government needs to enforce policies to incentivize households to switch to natural gas by increasing the prices of substitutes, particularly coal, and promoting public environmental awareness. Third, a business cycle indicator is a useful measure of the direction of change in demand and infrastructure development, given data limitations in China.
ANNEX 1: STYLIZED FACTS
The residential sector's share of natural gas consumption increased from approximately 1% in 1980 to approximately to 18% in 2016. 21 "In China, urban areas share the most part of China's gas consumption" (Wang and Lin 2014, 545) . Hence, the focus in this paper is on residential consumption of natural gas in urban China.
Urbanization, infrastructure development, and city pipeline network construction have significantly fostered growth of natural gas consumption (Wang and Lin 2014) . Figures A1-3 to A1-5 and Table A1 -1 show the increases in the percentage of the urban population with access to natural gas on the national and city levels. 22 Factors behind the increase in urban residential energy consumption include increased income, changes in consumer preferences and price competitiveness (Wang and Lin 2014; Zhao et al. 2011 ).
"Until the late 1980s, coal and coal gas were primary fuels even for city residents in the country. Then LPG became used for communal cooking and water heating fuel in several cities. Recently, natural gas use in urban areas has been growing rapidly backed by the development of distribution infrastructure…natural gas use in the residential sector has accelerated since 2005 because the natural gas price remained relatively cheap while the LPG price rapidly increased" (Higashi 2009, 14) .
Moreover, "[n]atural gas consumption is increasing throughout China, particularly as a cooking fuel" (Yang et al. 2014, 13) ; and "[r]esidential gas use for cooking and water heating purposes (especially in large and medium cities) is prioritized in the National Gas Utilise Policy" (Li 2015, 12) . 21 Based on the author's calculations using CEIC series 3740601 (CBVHIH) and 3731601 (CBVGH). 22 Possible measures of urbanization are the level of urbanization, which is measured as the ratio of urban population to total population; the rate of urbanization, which is the annual rate of growth of the urban population; the annual rate at which the level of urbanization is increasing; and rate of urban population growth minus the rate of rural population growth (United Nations 1974). Urbanization also can be measured by gas population, which reflects the percentage of the population with access to natural gas. I use the latter in the analysis, calculated as the ratio of the urban population with access to natural gas to the total urban population (Wang and Lin 2014) . Source: Author's calculations using data from CEIC on urban population and "Population with Access to Gas: City: Natural Gas" Source: Author's calculations using data from CEIC on urban population and "Population with Access to Gas: City: Natural Gas" Source: Author's calculations using data from CEIC on urban population and "Population with Access to Gas: City: Natural Gas." Empty cells indicate data are not available. Percentage of population with access to natural gas is computed as the percentage of urban population with access to natural gas of total urban population (Wang and Lin 2014) . 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 
A2.1 Advantages of Unobserved Component Models
The components of a UCM model reveal the mechanism underlying the movements within a series and provide a set of diagnostic tools for model assessment. According to Streibel and Harvey (1993, 263) : "Stochastic trend components are introduced into dynamic regression models when the underlying level of a non-stationary dependent variable cannot be completely explained by observable explanatory variables." Streibel and Harvey (1993) explained that when stochastic trends are not specified in the model, they are picked up indirectly by lags of the endogenous and exogenous variables. Accordingly, the system includes unit roots which must be accounted for when making inferences. A "disadvantage of not specifying the stochastic trends explicitly is that long lags, with common factors, may be required for all variables, and lags needed to pick up the stochastic trends will be confounded with other dynamic features of the system" (Streibel and Harvey 1993, 266 ).
Broadstock and Hunt (2010), Bernard et al. (2006) , and Hunt et al. (2000 Hunt et al. ( , 2003a Hunt et al. ( , 2003b explained that estimating the underlying energy demand trend by allowing a stochastic trend captures the effect of exogenous factors such as socioeconomic factors, technological advancements and technical progress. According to Guangrong and Yanjun (2011, 1178) , state space modeling is useful for modeling changes in "government policy and economic institutions."
Given the nature of the available data for the residential sector's demand for natural gas and the pricing regime in China, the UCM methodology is useful for modeling periodicallychanging administered prices. Employing a UCM model enabled me to address non-stationarity and data limitation issues. Allowing for a stochastic trend enabled me to capture the effect of changes in government policies, economic institutions, socioeconomic factors and technical progress. Moreover, incorporating stochastic cycles enabled me to account for effects of the FiveYear Plans and business cycles. It is important to incorporate cycles when examining trends to capture possible turning points (Pedregal 2017) .
A2.2 Structure of Unobserved Component Models
UCM models decompose response series into trends, regression effects, cycles and seasonal components. These components capture features of series that reveal their behavior and movements. UCM models follow the state-space modeling framework and are estimated via The stochastic trend is specified as follows:
Equations A2-2 and A2-3 are state equations where is the stochastic level, is the level disturbance that has a 0 mean and constant variance, is the stochastic slope, is the slope disturbance that has a 0 mean and constant variance, , , and are mutually uncorrelated, and 2 and 2 are referred to as hyper-parameters where larger hyper-parameters reflect greater stochastic movements in the trend. I elaborate on the stochastic trend and stochastic cycles in the following sub-sections.
A2.3 Modeling a Stochastic Trend
The stochastic slope, , can be excluded from the specification. If 2 = 0 and 2 ≠ 0, the model includes a stochastic level and a deterministic slope. If 2 ≠ 0 and is excluded, the model includes a stochastic level and no slope. Equation A2-2 becomes = −1 + which is a random walk. If 2 ≠ 0 and 2 ≠ 0, the model includes a stochastic level and a stochastic slope. The ratio of each variance to the largest of them is called the signal-to-noise ratio (or qratio). A low q-ratio (close to 0) implies insignificance of the underlying variance. "To parameterize the stochastic trend component, a specification must be made for the trend and idiosyncratic components" (Koopman et al. 2009, 170) . Table A2 -1 shows some of these specifications, reflecting different combinations of stochastic level, stochastic slope, and idiosyncratic shock (Koopman et al. 2009 ). Koopman et al. (2009, 170) The deterministic trend model in Table A2 -1 includes a first-order deterministic time trend and the constant term model only includes a fixed constant term. A non-stationary variable has no obvious tendency to increase or decrease, or to revert to a long-term value. In this case, the change in the variable is completely random (Enders 2003) . The specifications in Table A2-1 are mainly intended to examine non-stationary series. The local level, random walk, local level 24 An integrated random walk (IRW) trend tends to be relatively smooth when estimated. The model in this case is referred to as a smooth trend model and is equivalent to a cubic spline (Harvey, 2002) . with deterministic trend (fixed slope), and random walk with drift models are used to model series with first-order stochastic trends. The local linear trend and integrated random walk (IRW) trend models are used to model series with second-order stochastic trends. A series with an n thorder stochastic trend must be differenced n times to become stationary (Baum 2013; Stata 2015) .
In a random walk, represented by Equation A2-4, has a permanent effect on :
The mean of a random walk is a constant. All stochastic shocks have non-decaying effects. The constant value of the random variable is an unbiased estimator of all future values of the variable. However, the variance of a random variable is not constant; it increases without a bound (Enders 2003) .
A random walk with drift, represented by Equation A2-5, includes a deterministic trend and a stochastic trend, which are both non-stationary; has a permanent effect on . Since all values of have a coefficient of unity, the effect of each shock on the intercept term is permanent (Enders 2003 ).
In a trend stationary model represented by Equation A2-6, the variable differs from its trend value by the amount ( ) . This deviation is stationary; hence, the variable shows only a temporary departure from the trend. Accordingly, the long-term forecast of the variable will converges to a trend (Enders 2003 ).
The trend specifies the long-term behavior in a time series (Enders 2003) .
Accordingly, the stochastic trend in Equations A2-2 and A2-3 can be re-written as a random walk with a drift (Pelagatti 2015 ):
For example, the local linear trend (see Table A2 -1) corresponds to an autoregressive integrated moving average (ARIMA) process. In such a case, is an I(2) process, because its first difference ∆ = −1 + remains non-stationary (it is the sum of a random walk and a white noise), while its second difference ∆ 2 = − −1 + −1 is stationary and MA(1) (Pelagatti 2015) .
Similarly, in the case of a local level model (see Table A2 -1), Equations A2-2 and A2-3
can be re-written as a random walk ( = 0 + ∑ =1 ). The is an I(1) process, because its first difference ∆ = is stationary.
A2.4 Modeling a Stochastic Cycle
In modeling a stationary time dependent series, a cyclical component could be incorporated to account for serial autocorrelation in the idiosyncratic shock. A stochastic cycle or an autoregressive (AR) process could be used in this regard. Hence, a simple random walk model could be expanded to include "a stationary cyclical component that produces serially correlated shocks around the random walk trend" (Baum 2013 43; Harvey 2002; Harvey et al.2004; Koopman et al. 2009; Pelagatti 2015) . A stochastic cycle typically is used to extract the signal of an economic cycle from a series (Commandeur et al. 2011 ).
"A stochastic-cycle model has three parameters: (a) the frequency at which the random components are centered, (b) a damping factor describing the dispersion of the random components around that frequency, and (c) the variance of the stochastic cycle process, which acts as a scale factor" (Baum 2013, 43; Harvey 2002; Harvey et al. 2004; Koopman et al. 2009; Pelagatti 2015) .
According to Pelagatti (2015) , in UCM models the stochastic cycle is the first component ( )
of the bivariate VAR(1) process represented in Equation A2-8.
[
where the parameter ∈ [0,1] is the damping factor,  ∈ [0, ] is the (central) frequency of the cycle (i.e., the number of oscillations per unit of time expressed in radians), and  and  * are independent white noise sequences with common variance 2 . The (central) period of the cycle is given by 2  ⁄ . The spectrum of  exhibits a peak which is centered around  and becomes sharper as approaches 1. If frequency () is close to , the model is centered around high frequency components. If the frequency value is small, the model is centered around low frequency components. The damping factor ( ) indicates how tightly clustered the random components are around the central frequency (Baum 2013; Harvey 2002; Harvey et al. 2004; Koopman et al. 2009; Pelagatti 2015) . Since the damping factor trends to 1, there is tight clustering around frequency. According to Koopman et al. (2009, 190) ,  2 → 0 as → 1. This latter case allows for the estimation of deterministic (but stationary) cycles, which is the extreme case of → 1.
According to Pelagatti (2015) and Harvey et al. (2004) , when the rotation matrix in Equation A2-9 is applied to point in two dimensions, the matrix rotates it clockwise by an angle . The rotation matrix is used to write the sinusoid in incremental form.
In Figure A2 -1, ( 2 ,  2 * ) is obtained by applying () to the point ( 1 ,  1 * ). The sinusoid becomes stochastic by adding random noise to the incremental form (Pelagatti 2015) , as shown in Equation A2-10.
-10 is non-stationary, because Equation A2-10 of a cycle involves a permanent shock. Business cycles, however, tend to be oscillatory responses to temporary shocks that fade away over time. To render the cycle stationary, the rotation matrix is multiplied by a constant in the unit interval ∈ [0,1). This yields the previously stated Equation A2-8 in which eigenvalues are in the unit circle (Pelagatti 2015) . Given the initial conditions that the vector ( 0 ,  0 * ) has a 0 mean, ( ) = 0, and covariance matrix  2 when ∈ [0,1), the process  is stochastic and stationary with a 0 mean, variance  2 =  2 /(1 − 2 ) and an autocorrelation function ( ) = cos  where = 0, 1 ,2, …
25
The stochastic cycle  is an autoregressive moving average (ARMA) (2, 1) process with complex roots in the AR polynomial. 26 Autocorrelation is parameterized in ARMA models by allowing a current value to be a weighted average of past values and of past white noise shocks.
ARMA can be re-written as a weighted average of past white noise shocks to track the responses of variables of interest to a shock throughout the system. However, the parametrization of autocorrelation via stochastic cycle parameters reflects the underlying spectral density and associated frequency (Baum 2013) .
In a stochastic cycle model, a stationary process may be decomposed into random components which occur at frequencies  ∈ [0, ]. The spectral density in the frequency domain portrays the relative importance of the random components occurring at frequency  to components occurring at other frequencies (Baum 2013) .
"In an i.i.d. process, the components of all frequencies are equally represented, and the spectral density is a flat line over (0, π). This represents 'white noise.' High-frequency components will raise the spectral density nearing π, while low-frequency components will raise the spectral density nearing 0" (Baum 2013, 47) Cases where  = 0 or are limiting, in which  becomes an AR process with coefficients and - (Harvey 2002 ).
Values of = 1 and ( ) = 0 yield a deterministic cycle with frequency . Values of = 1 and ( ) = 2 > 0 result in a non-stationary cycle. To allow the stochastic cycle to encompass the deterministic cycle but not the non-stationary cycle, the model is parametrized in STAMP software such that the variance of  is used instead of that of  , and 2 is calculated as  2 (1 − 2 ). Hence, if the estimated value of is 1, 2 = 0 and the cycle is deterministic (Pelagatti 2015, 64) .
The sample path of a stochastic cycle may seem to some extent rougher than expected for a business cycle. To increase the smoothness of the sample paths and still allow for the stochastic cycle, Harvey and Trimbur (2003) substituted the two white noises driving the stochastic cycle in Equation A2-8 with another stochastic cycle following the same characteristics. The first-and m th -order stochastic cycles are represented as follows:
As illustrated in Figure A2 -2, a stochastic cycle becomes smoother as m increases. The figure shows that the increase in smoothness is more obvious as m increases from 1 to 2, suggesting this increment is enough to capture a business cycle. Source: Pelagatti (2015, 64) Two cycles of the form presented in Equation A2-8 could be incorporated into the model (Koopman et al. 2009, 170) . STAMP provides the option of including three cycles with different default frequencies-a short-term cycle with a default of 5 years, a medium-term cycle with a default of 10 years, and/or a long-term cycle with a default of 20 years-as well as AR(1) and AR(2) processes. with the STAMP package of Koopman et al. (2000) . Once estimated, the fit of the model can be checked using standard time series diagnostics such as tests for residual serial correlation" (Harvey 2002, 2) It is important to differentiate between cases in which the model is stationary and those in which it is non-stationary. For the former case, the Kalman filter is applied, whereas for the latter, the diffuse Kalman filter is applied (Koopman et al. 2009; Stata 2009 ). De Jong (1991 explained that the diffuse random vectors arise to model parameter uncertainty when a non-stationary model is assumed to have applied since time immemorial (i.e., in the infinitely remote past).
A2.5 Kalman Filter
Assuming the model has applied since time immemorial, if all roots are non-stationary, cov(α t ) = σ 2 I where  → ∞; i.e., cov(α t ) = σ 2 I is arbitrarily large. If both stationary and non-stationary roots exist (which is typical in empirical cases), the time immemorial argument leads to an arbitrary large cov(α t ). Accordingly, in the non-stationary case, the Kalman filter should be initialized either explicitly or implicitly with a covariance matrix of the form I (De Jong and Chu-Chun-Lin 1994) . In such a case, according to Durbin (2004) , it can be assumed that the initial state is ( ) and cov(α t ) = I , and the distribution is referred to as a diffuse prior. When non-stationary components are included in the model, STAMP applies the diffuse Kalman filter (Koopman et al. 2009 ).
27 For details on the Kalman filter, refer to Commandeur et al. (2011 ), De Jong (1991 , De Jong and Lin (1994) , Durbin (2004) , Harvey (2002) , Harvey et al. (2004) , Koopman et al. (2009 ), Pelagatti (2015 , and Stata (2009 Stata ( , 2015 . 29 An augmented Dickey-Fuller test has the form: ∆ = + + + 1 ∆ −1 + 2 ∆ −2 +••• + ∆ − + , where is a constant and is the time trend. The "With a constant and without a time trend" case is a random walk without a drift, where is included in the regression. The "With a constant, and time trend is not in regression" case refers to a random walk with a drift that does not include the time trend in the regression. In the case denoted as "Unrestricted constant, and time trend is in regression", follows a random walk with or without a drift; i.e., is unrestricted and is included in the regression (Stata 2009, 118) . Unit root tests were carried out in Eviews except for those underlined, which were performed in STATA. -2.07939 * The dependent variable Y is log of per-capita residential natural gas consumption in urban China. ***, **, and * indicate the 1%, 5% and 10% significance levels, respectively.
ANNEX 3: UNIT ROOT TESTS
